Abstract. To optimize a player's experience, an emotionally adaptive game continuously adapts its mechanics to the player's emotional state, measured in terms of emotion-data. This paper presents the first of two studies that aim to realize an emotionally adaptive game. It investigates the relations between game mechanics, a player's emotional state and his/her emotion-data. In an experiment, one game mechanic (speed) was manipulated. Emotional state was self-reported in terms of valence, arousal and boredom-frustration-enjoyment. In addition, a number of (mainly physiology-based) emotion-data features were measured. Correlations were found between the valence/arousal reports and the emotion-data features. In addition, seven emotion-data features were found to distinguish between a boring, frustrating and enjoying game mode. Taken together, these features convey sufficient data to create a first version of an emotionally adaptive game.
Introduction
For creating entertaining computer games 1 , gameplay is considered to be of key importance ( [1] , [2] ). In absence of a broadly accepted definition of gameplay, we focus here on one frequently mentioned element of it, which is challenge. The process of optimizing a game's challenge is referred to as game balancing or difficulty scaling. That is, changing parameters in order to avoid that the player gets frustrated because the game is too hard, or gets bored because the game is too easy [3] . In this study, we have investigated the relations between a game's difficulty level and the interplay between the emotions boredom, frustration and enjoyment ( Fig. 1-left panel). These relations strongly differ per individual, for example influenced by a player's skill level. For instance, a difficulty level that is found enjoyable by a novice might be boring for expert players. Games therefore need psychological customization techniques [4] , such as difficulty adaptation, to optimize the experience. Since many years, game designers aim to provide some customization, for example by letting players choose a difficulty level upfront or including progressive difficulty levels during gameplay, based on a player's performance.
More advanced methods that work in real-time are less common. One difficulty adaptation mechanism, frequently applied in racing games, is called rubber banding [5] : When falling behind, the player suddenly gets an enormous boost in speed, which allows for catching up again (and vice versa for the competing cars). However, game adaptation that is solely based on in-game behavior can only have limited success, because there are many different types of players [6] . Each type of player has his/her own goals, preferences and emotional responses when playing a game. Hence, for optimizing the players' experiences, successful psychological customization requires a game to take the emotional state of the player into account. Games should become emotionally adaptive ( Fig. 1-right The emotionally adaptive games loop, inspired on the affective loop [7] .
Emotionally Adaptive Games
The importance of emotions in computing is widely argued for (e.g. [8] ). Emotion theorists differ over a discrete versus a dimensional model. The "discretionists" (e.g. [9] ) argue for basic discrete emotions, such as anger, fear, sadness and happiness, as unique experiential states. The "dimensionalists" (e.g. [10] ), on the other hand, look at emotions in terms of a two-dimensional space consisting of valence ("pleasantness") and arousal ("activation"). Sometimes dominance is added as a third dimension. Effective human-computer interaction from an emotions perspective works in terms of an "affective loop" [7] . A similar feedback loop in a games context is described by [11] . Inspired by their work, Fig. 1 (right panel) shows a schematic view on the functioning of an emotionally adaptive game. By providing the right game mechanics [12] (e.g. audiovisuals, narrative, challenge), the game influences the player's experience, behavior and emotional state. Ideally, during play, the emotional state of the player (measured in terms of emotion-data), is continuously being fed back to the game so that the game can adapt its mechanics (e.g. difficulty level) accordingly in real-time. This all is done to create the optimal experience (which is referred to in literature as e.g. flow [13] or immersion [14] ). Previous research attempts to create emotionally adaptive software have mainly focused on tutoring systems and workload / performance optimization (see e.g. [15] ). Fewer attempts have been made to incorporate a closed-loop mechanism in a games context. Takahashi et al. [16] and Rani et al. [17] created a game that was found to improve player performance by adapting difficulty level to player's physiological state. Concept validation claims of these both studies were, however, based on a limited number of participants. Besides these attempts, a number of biofeedback games have recently been developed, which have some integration of a player's physiological data into the game (e.g. [18] , [19] and [20] ). These games however focus on stress manipulation rather than optimization of gameplay experience. Probably closest to the present project's scope is the work of Saari and colleagues, who created the MindBased Technology framework for psychological customization [21] . They have further elaborated this in a games context (e.g. [4] , [22] ) and are currently developing an emotionally adaptive game demo.
As a first step in creating an emotionally adaptive game, system input and output need to be specified in further detail. Regarding output (emotion-data), Saari et al. [22] provide an extensive discussion of possible elements to be adapted, structured by "psychologically validated templates". We have adopted a rather straightforward and intuitive "template": Game speed. We will manipulate the game's speed to influence the player's emotional state (the interplay between boredom, frustration and enjoyment, Fig. 1-left panel) . Regarding system input (emotion-data), Öhman [23] distinguished three categories of emotion measures: Self-reports, overt behavior and physiological responses. Self-reports are frequently used for assessing players' emotions and experiences [5] but not suitable (since too obtrusive) for real-time application in a game. Regarding overt behavior, potentially useful techniques for measuring boredom, frustration and enjoyment are facial emotion tracking [24] and the analysis of posture and pressure exerted on the game controls [25] . Regarding physiological responses, there is an extensive field with many research findings in psychophysiology. Although the research is done in varying contexts with sometimes contradicting results, it is considered a highly interesting field for analyzing emotions in games. We have limited ourselves to the methods described below.
Regarding cardiovascular (heart) activity, tonic (long-term, as opposed to phasic) heart rate (HR) is known to increase with sympathetic nervous system activity, such as emotional arousal and cognitive effort and stress. On the other hand, increases in attention (mediated in the parasympathetic nervous system) lead to a decreased heart rate [26] . [27] found HR features to correlate with self-reported fun in games. Heart rate variability (HRV) is considered an index for mental effort (e.g. [28] ). Some researchers (e.g. [29] ) consider the percentage power in the low-frequency (LF) 0.07-0.14 Hz range as a particularly effective index for task-related mental effort / sympathetic activity. Respiratory responses are analyzed to control for respiratory artifacts in e.g. HRV (a phenomenon known as respiratory sinus arrhythmia). Respiration may, however, also be used as a measure itself, e.g. for investigating stress and mental load [30] . Electrodermal activity (EDA) concerns the electrical resistance of the skin, also known as Skin Conductance (SCL, SCR) or Galvanic Skin Response (GSR). Skin conductance level is known to increase with information processing and the frequency of non-specific skin responses increases with arousal [26] . Electromyography (EMG) is a technique for measuring muscle activity; electric potential is being generated when muscle cells contract. Facial EMG is frequently used as a metric for valence. The most frequently analyzed facial muscles in this context are the orbicularis oculi (OO, used for closing the eyelids), zygomaticus major (ZYG, smiling) and corrugator supercilii (CORR, frowning). Most studies find positive correlations between valence and the OO and ZYG muscles, and a negative correlation between valence and CORR muscle (see e.g. [31] , [32] , [33] ). In addition to the above findings, there are also a considerable number of studies without significant findings [34] . Because of the large differences in physiological responses between individuals and within individuals over time (autonomic response stereotypy principle, see e.g. [15] , [35] ), some researchers (e.g. [36] ) argue for normalizing physiological data to facilitate a group analysis of the data. Additionally, affective systems should employ a battery of physiological features for accurate emotion predictions (e.g. [37] ), and should allow for user-control for the sake of autonomy, privacy and interpretation of the data [41] .
Because of the context-dependency of physiological responses, a two-stage approach was adopted. The purpose of the current initial study is to investigate physiological and other affect-related responses in relation to an experimentally induced change in game mechanics. Note that in this study the affective loop is not yet closed, that is, real-time affective indicators are not yet directly influencing the game mechanics. This will be the purpose of phase 2 of our work. The research question for the current invesigation evolved around the components of our framework ( Fig. 1-right 
Method 2.1 Participants
In total 24 adults aged 23-46 (mean age 29.7) participated in the experiment; 19 males and 5 females. The participants played computer games (console, pc, arcade, and internet) for an average of 12.5 hours per month. All had played Pacman before. The participants were rewarded a €5 voucher for participation plus another €5 voucher for the final top-5 scores. All were informed in advance about this incentive. A withinsubjects design was applied using the game's speed-mode (3 levels: slow, fast and normal) as an independent variable. The order in which participants were confronted with the two non-normal speed modes (i.e. slow and fast) was counterbalanced over participants. A dual-PC setup was used to separate the game and questionnaire from the measurement software, to ensure the game and computer questionnaire to run smoothly.
Design, Materials and Procedure
The stimulus (game) was an adapted version of the PC-game Pacman [38] . Pacman is a relatively uncomplicated game without major changes in e.g. audiovisuals during play, which could lead to emotional bias. Moreover, it is a well-known game and is easy to pick up (requiring relatively short practice to minimize learning effects). Pacman also has a rather continuous flow of action (useful when comparing blocks of time) and has been used before in affective computing studies (e.g. [39] ). To suit the game to the experiment, some adaptations were made: I) the player stayed in the same level during the experiment, II) objects that were eaten, such as points and pills, returned after a while), III) the speed level changed at preset times (unknown to the player), IV) eating objects increased the player's score, but being eaten meant a strong decrease in score, and V) the overall objective was to score as many points as possible. The choice for manipulating the difficulty parameter speed, instead of e.g. the number of opponents (i.e. ghosts) is based on the fact that the number of normal ghosts constantly changes during gameplay, because of Pacman eating star-shaped pills. Pacman was played using the arrow keys on the keyboard. All participants were instructed to play with their preferred hand.
The dependent variables comprised the player's emotional state and several emotion-data features. To gather demographics and gaming experience (i.e. gaming hours per month), a paper-questionnaire was filled out before the start of the game. Emotional state was measured through self-reporting in a computer-questionnaire (in between moments of play) and a post-game interview. The computer-questionnaire comprised two similar parts of three items, that focused on the minute of play before switching to this questionnaire. The first two items addressed valence and arousal, using Self-Assessment Manikins ( [10] , adapted to a five-point scale). The third was a multiple-choice item that a subject could use to indicate that (s)he was either enjoyed, bored or frustrated (or that none of these descriptions was applicable). The semistructured interview focused on the subject's overall opinion of the experiment and his or her preferred speed mode (fast, slow or normal). The emotion-data features that were collected during the game are displayed in Table 1 . The physiological measurements were done using a wireless NeXus-10 kit. At the PC, the physiological data were stored using Biotrace+ v.1.16 2 . A BVP photoplethysmograph was placed on the ring finger of the subject's non-playing hand. A respiration belt was strapped around the thorax; a maximum of 2 layers of cloth was in between. Skin conductance sensors were placed on the tips of the index and middle finger of the non-playing hand. The Facial EMG electrodes (AgCl, 15mm. diameter) were placed following instructions obtained from [40] . Keyboard pressure was measured by a pressure sensor placed under one of the keyboard's feet (the one closest to the arrow keys); keypresses were identified using a custom-made application. To synchronize the game events with the measurement data, a 3-window capture was implemented on the analysis PC. Table 2 provides an overview of the test procedure. 
Analysis
The feature analysis process consisted of a number of steps, as explained in Fig. 2 
Fig. 2. Analysis process
The three selected fragments per subject are from this point onward referred to as slow-mode, fast-mode and normal-mode. The physiological features were extracted and filtered using the default Biotrace+ detection and filtering algorithms. For the GSR, EMG and KEYB features, additional algorithms were used. The EMG signals (pre-amplified in the Nexus kit) were linearly rectified for analysis, high-pass filtered (Chebyshev Type 2, high-pass, cut-off frequency at 20 Hz) and integrated (smoothened) using a 200 ms running average. For identifying skin conductance responses (SCR) and keypresses from the pressure recordings (KEYB), peak detection algorithms developed at Philips Research were used. Normalization of the physiological features, done according to [36] , is required for a group analysis, because of the strong inter-subject differences in common physiological responses. These differences were also found for SCR; therefore SCR also requires a form of normalization. However, this could not be accomplished with the formula explained in [36] , since one subject had in all three conditions (slow, fast, normal) the same number of identified skin conductance reponses. Therefore it was decided to normalize the SCR values for each subject over the subject's total signal span (3 conditions, thus 3 SCR values) in terms of inverted ranking 3 . Finally, statistical analysis was performed with SPSS v.16.0 software. As already mentioned in chapter 1, the analysis was focused on the relations between the various speed settings, the player's emotional state, and the accompanying emotion-data. Table 3 presents the self-report results from the questionnaire as well as from the post-game interview. Based on the results in Table 3 , we draw the following conclusions: I) the participants felt bored in the slow-mode, II) in the fast-mode some were frustrated, others enjoyed themselves, and III) the normal-mode was preferred over the other two speed modes. Speculatively, we conclude the following: the slowmode was too slow, the fast-mode was for some a bit too fast, but for others the right speed level. The speed level in the normal-mode might not be optimal either, but the players' experiences are better in that mode than in the other two. There was a tendency toward neutral scoring on the SAM (valence and arousal) topics. For instance, the 22 non-enjoyment scores (i.e. reports of boredom or frustration) in the slow-mode were accompanied by only 5 negative valence reports. To investigate the relations between the SAM (valence and arousal) scores and the emotion-data features, both valence scores and both arousal scores for a subject were averaged. A Pearson correlation test revealed two statistically significant results (p<0.050), as displayed in Fig. 3 . Firstly, arousal correlated with the emotion-data feature BVP (r=0.449, p=0.032, N=23). Since the arousal score of 1 represents the highest arousal report, this correlation should be interpreted as "the higher the arousal report, the higher the BVP value of a player in the non-normal game modes". Secondly, valence appeared to correlate negatively with the ZYG_AMP feature (r=-0,446, p=0,033, N=23). This result should be read as "the more positive valence reports in the non-normal speed modes were accompanied by larger movements in the zygomaticus major muscle". When observing this correlation in Fig. 3 (right panel), it seems that two data points (squares in both lower corners) have a strong influence on the correlation effect. Although these data points lay rather far out, they were kept in the analysis because I) both represent an average of two conditions, II) the video recordings of the related participants do not reveal any anomalies and III) strong inter-subject differences in physiological responses are common (e.g. [15] ). To analyze the effects of speed on the players' emotion-data, a repeated measures ANOVA was performed with speed (3 levels: slow, fast, normal) as a within subjects factor. This provided an overview with a number of significant effects. To analyze these effects (i.e. the differences in emotion-data between the 3 speed modes) in more detail, a series of paired sample t-tests was performed. Significant results (p<0.050) are provided in Table 4 . For example, Table 4 and Fig. 4 show that the average skin conductance level (SCL) during the slow-mode was significantly lower than during the other two speed modes. Since the participants reported boredom during the slowmode, our conclusion is that this mode was too slow. In other words, the game should speed up. According to Table 4 , keyboard pressure (KEYB) can even help to distinguish between the game's 3 speed levels. 
Results

BVP (normalized mean)
Discussion and Further Research
When comparing our findings to other studies that investigate in the relations between valence, arousal and physiological responses, one result seems to contradict most other work: The positive correlation between self-reported arousal and BVP (Fig. 3-left panel) . In addition to the central tendency in scoring on valence and arousal, no less than 8 of the 24 participants asked for the exact meaning of the arousal manikins when first confronted with them. Two even thought that the highest-arousal manikin was supposed to depict hunger. In turn, the experimenter described it to them as their level of activation.
The induction of boredom, frustration and enjoyment by manipulation of the game mechanic "speed" was partly successful. Nearly all players indicated to be bored during the slow-mode, but the fast-mode was found more enjoyable than frustrating. There are several possible causes for this. Firstly, the players knew the game speed was going to change. Besides, the speed changes were rather abrupt, and the players knew it only lasted for a limited amount of time. Nonetheless, nearly all participants (see Table 3 ) considered the normal-mode the most enjoyable of the three speed modes.
As a stimulus, Pacman appeared to be a successful game choice. No major problems (such as crashing software or a stalemate situation in the game) were encountered during the experiment. Besides, from the post-game interviews, we conclude that all participants enjoyed the game from an overall perspective. It was also relatively easy to implement the speed manipulations and customized ruleset in the game.
In the next phase of this project, we will aim to develop an emotionally adaptive version of the Pacman game. This game will use the data collected in the present study as a starting (or: calibration) point for adaptation. For instance, when the emotionally adaptive Pacman game receives emotion-data that matches the data pattern found for the "boring" slow-mode (e.g. relatively low SCL and SCR values, see Table 4 ), it will either increase its speed or, to preserve player autonomy [41] , subtly ask the user whether it should increase its speed.
However, such a classification system will only work properly when it has sufficient input data (i.e. sufficient emotion-data features that are known to distinguish between the states of enjoyment, frustration and boredom) from a sufficient amount of participants. Therefore, the present dataset will be analyzed in more detail, to find more useful features. This will e.g. include the analysis of the video recordings (through facial emotion tracking) and the analysis of in-game data that were gathered during the experiment. The measurements described in Table 1 will also be explored in more detail, by e.g. analyzing standard deviation, variance, kurtosis and skewness of the data (see e.g. [42] , [43] ). In addition to the present physiological state, another possibly useful source of input data lies in the initial or previous emotional states (e.g. [44] , [45] ). For example, a high (e.g. 140 BPM) heart rate might not increase as much by an arousing game effect as a normal heart rate. Besides more emotion-data features from more participants, also different data features are required. In the present experiment, the participants could only report on their gameplay experiences during two rather extreme speed modes (very slow and very fast). Since an emotionally adaptive game should undertake action as soon as the enjoyment borders ( Fig. 1-left panel) are crossed, accurate emotion-data on these crossing-border events will be needed.
